Aberrant connectivity is implicated in many neurological and psychiatric disorders, including Alzheimer's disease and schizophrenia. However, other than a few disease-associated candidate genes, we know little about the degree to which genetics play a role in the brain networks; we know even less about specific genes that influence brain connections. Twin and family-based studies can generate estimates of overall genetic influences on a trait, but genome-wide association scans (GWASs) can screen the genome for specific variants influencing the brain or risk for disease. To identify the heritability of various brain connections, we scanned healthy young adult twins with high-field, highangular resolution diffusion MRI. We adapted GWASs to screen the brain's connectivity pattern, allowing us to discover genetic variants that affect the human brain's wiring. The association of connectivity with the SPON1 variant at rs2618516 on chromosome 11 (11p15.2) reached connectome-wide, genome-wide significance after stringent statistical corrections were enforced, and it was replicated in an independent subsample. rs2618516 was shown to affect brain structure in an elderly population with varying degrees of dementia. Older people who carried the connectivity variant had significantly milder clinical dementia scores and lower risk of Alzheimer's disease. As a posthoc analysis, we conducted GWASs on several organizational and topological network measures derived from the matrices to discover variants in and around genes associated with autism (MACROD2), development (NEDD4), and mental retardation (UBE2A) significantly associated with connectivity. Connectome-wide, genome-wide screening offers substantial promise to discover genes affecting brain connectivity and risk for brain diseases.
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diffusion tensor imaging | neuroimaging genetics | graph theory | HARDI tractography | multiple comparisons correction H uman brain anatomy involves a complex network of structural and functional pathways that connect anatomically distinct regions. These pathways can be visualized, on a gross anatomical scale, with diffusion imaging-based tractography (1) . Neural pathways change as our brains develop (2, 3) and are altered in neurodegenerative conditions, including Alzheimer's disease (4) . Our individual genetic makeup exerts a strong influence on the functional synchronization of brain regions (5) and the patterning of cortical structure (6, 7), but particular genes that impact the brain's neural connectivity are still largely unknown.
To empower the search for genes that affect the brain's connectivity patterns, we first studied a large twin and family cohort consisting of 366 young adults (ages 20-29 y) from 223 families. We used anatomical brain MRI combined with high-angular resolution diffusion imaging (HARDI) at high magnetic field (4 T) to subdivide cortical regions into areas of known structure and function (8) , while also mapping the white matter fiber pathways between them with high-resolution tractography. We defined connectivity maps based on the proportion of the total number of fibers traced that intersect or interconnect cortical regions within and across the brain hemispheres. Such maps of the brain's structural connectome may be represented as graphs or matrices. Here, we use symmetric matrices, in which each matrix element (x,y) shows the proportion of fibers connecting regions x and y of the brain; these connectomes may be compared statistically across subjects to identify consistent patterns or factors that affect them. A flowchart of the image processing steps needed to compute brain connectivity is shown in Fig. S1 .
Proportions of the observed variance in any brain trait-such as a network measure-may be ascribed to genes vs. environment by fitting structural equation models to data derived from different kinds of twins: monozygotic (MZ) twins share all their genes, whereas dizygotic (DZ) twins share, on average, one-half. To assess the degree of the genetic contribution to the brain's white matter connectivity pattern, we first fitted a classical structural equation model to connectivity matrices from 46 pairs of MZ and 64 pairs of DZ twins. We included same-sex and mixed-sex twins in our analysis while controlling for sex, age, and intracranial volume. All families were Caucasian and of European ancestry, but families were all unrelated to each other. Fig. 1 shows the proportion of the population variance attributable to additive genetic factors (A); the rest of the variance is attributable to unique individual factors and measurement error (E). We restricted our subsequent genetic analysis to regions Conflict of interest statement: ADNI is partially funded by public and private agencies, but the authors have no financial interests related to the content of this paper.
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Freely available online through the PNAS open access option. 1 To whom correspondence should be addressed. E-mail: thompson@loni.ucla.edu. 2 A complete list of investigators from the Alzheimer's Disease Neuroimaging Initiative (ADNI) may be found in the SI Text. ADNI investigators contributed to the design and implementation of ADNI and/or provided data, but many of them did not participate in the analysis or writing of this report. For a complete listing of ADNI investigators, please see http://adni.loni.ucla.edu/wp-content/uploads/how_to_apply/ADNI_where this combined A/E model-the best fitting and least complex model that contained a genetic component-was shown to have a good fit and the overall genetic influence on wiring exceeded 1%. Generally, only phenotypes of moderate to high heritability are used for genome-wide scanning, but in our connectomewide scan, we analyzed all connections with any detectable degree of underlying genetic influence (>1%). For each of 59 heritable regions, the additive genetic component of the variance estimated from the model is listed in Table S1 along with its 95% confidence interval (95% CI).
After heritability is established, the search for specific genetic variants influencing brain connectivity becomes viable. The sample of families was divided into a discovery cohort of 169 individuals and a replication cohort of another 163 individuals (detailed in the SI Text); all family members were assigned to the same cohort. The full statistical pipeline for genetic analysis, showing the number of subjects in each analysis, is presented in Fig. S2 .
To investigate genetic contributors to brain connectivity, we conducted a genome-wide association scan (GWAS) to detect any association between commonly carried genetic variants and each of 59 connectivity elements considered. An extremely stringent significance threshold of P < 8.96 × 10 −9 was enforced. This threshold was determined by assessing the total number of independent connectome-wide, genome-wide tests performed; this threshold value was validated through permutations-which generate datasets with no effect-and used to control the rate of false positives reported. This threshold implies genome-wide significance across all cortical nodes and nodal connections (Materials and Methods).
Our GWAS of the connectivity patterns in the discovery cohort showed a genome-wide significant association (P = 3.23 × 10 −9 ) within the SPON1 gene at rs2618516 (Fig. 2) . The contributions of this variant were then assessed in the replication cohort at the same node in the brain's connectivity network. The replication of this association was highly significant (P = 0.0021) with increased density (unstandardized regression slope, β Group1 = 0.0022, β Group2 = 0.0015) or a 0.2% increase with respect to the minor T allele for the brain fiber density connecting the left posterior cingulate and left superior parietal lobe.
SPON1 encodes the developmentally regulated protein Fspondin, which is induced in neuronal injury and impairs the binding of cells to the ECM (9) . In rats, this protein induces a hippocampal progenitor cell line (and primary cortical neural cells) to differentiate into cells with neuronal features (10) . Intriguingly, Fspondin also modulates amyloid-β precursor protein (APP) cleavage by binding to the initial α/β-cleavage site of APP (11) . APP has recently been found to bind to cholesterol (12) , which makes up much of the myelin composition of white matter fibers. Additionally, many proteins and genes involved in APP processing, including F-spondin (SPON1), also interact with the family of receptors for apolipoprotein E, which is coded for by the gene APOE-a robust Alzheimer's disease (AD) genetic risk factor (13, 14) . Recently, overexpression of F-spondin has even been shown to lead to . For all nodes where the A/E model was fitted to the data, the additive genetic component is shown. Regions are displayed only if the additive genetic term exceeded 1% and the model was fitted to the data (χ 2 goodness-of-fit test, P > 0.05, denoted a good fit). Adding a shared environmental term did not significantly improve the fit of this model of the factors affecting brain connectivity. Regions listed on the matrix x and y axes are listed in SI Text. The color bar represents the proportion of the variance attributable to additive genetic factors. Warmer colors (e.g., red) represent more heritable connections-where differences in the proportion of fibers depend on genetic differences among individuals. . A significant genome-wide association was found between a common genetic variant on chromosome 11 and anatomical fiber connectivity. This effect was identified first in a discovery subsample and reproduced in a separate replication subsample.
(A) A Manhattan plot shows the results of this analysis in the discovery cohort; the highest points denote SNPs or common variants on the genome, where genetic variation is associated with fiber connectivity in the brain. Below it, we zoom in on the significant locus using LocusZoom (https://statgen.sph.umich.edu/locuszoom/). (B) An association was found between this common genetic variant and the degree of connectivity between the left posterior cingulate gyrus and the left superior parietal lobe. Upper shows the raw fiber densities of paths connecting these two regions (centered on the green spheres) in a 26-y-old female with two copies of the minor T allele at rs2618516. Lower shows the same connection in an age-and sex-matched noncarrier of the genetic variant. Fiber densities of networks connecting these two regions are displayed in yellow.
cognitive improvements and reduced amyloid-β-plaque deposition in mice (15) . SPON1, a member of the spondin family of genes, is highly expressed in the embryonic neural floor plate, and it is essential for neural growth and cell adhesion (16, 17) . Prior studies implicate this same gene in brain structural development and neural connectivity, and its expression declines with aging (18) . The significant association of SPON1 with the fiber density for the connection between the superior parietal cortex and the posterior cingulate is of particular interest. This region is affected early and consistently by AD pathology (19) , a neurodegenerative disorder associated with disruptions in neural network connectivity (20, 21) and myelin breakdown (22) . AD is partially caused by amyloid-β peptides and τ-proteins that accumulate in the brain and disrupt neural networks (23, 24) . The posterior cingulate and superior parietal cortex show early disturbances (25) , including volumetric atrophy (26, 27) , impaired glucose metabolism (28), altered activity during task-based functional imaging studies (29) , and disrupted restingstate functional connectivity (21)-all of these effects have been reported in AD patients or those individuals at heightened risk for AD with mild cognitive impairment. Some AD-associated genes, such as CLU, are known to influence the brain's fiber integrity decades before the typical age of onset for symptoms of dementia (28) . SPON1 may affect cortical connectivity in healthy young adults, which may, in turn, influence the risk for and progression of neurodegenerative diseases later in life.
We conducted follow-up tests to assess any association between this SPON1 variant and brain structure of 738 elderly (mean age = 75.5 y ± 6.8 SD) Caucasian individuals from the Alzheimer's Disease Neuroimaging Initiative (ADNI) who had been evaluated and diagnosed as having AD, having mild cognitive impairment (MCI), or being cognitively normal. Using tensor-based morphometry as described previously (30), we tested whether elderly carriers of the gene variant had different profiles of regional brain volumes.
After controlling for age and sex, the genetic variation at rs2618516 was significantly associated with differences in volume for several regions of the brain (Fig. 3) . The maps show the corrected P value after performing searchlight false discovery rate (FDR; q = 0.05) to show only the volumetric effect in regions of significance while controlling the false-positive rate at 5%. The minimum P value for association was P = 2.68 × 10 −5 . Ventricular regions surrounding the temporal lobes and hippocampus were significantly reduced in size, and the gray matter around the posterior cingulate cortex was enlarged with each additional copy of the minor T allele at rs2618516. We also estimated the association between this genetic variant and a widely used measure of clinical severity in dementia, the clinical dementia rating (CDR) (31), and we found a significant association in the same 738 ADNI individuals (P = 0.0169). This result remained significant even after controlling for APOE genotype (P = 0.026). Carriers of the SPON1 allele showed a decrease in the sum-of-boxes CDR score (β = −0.231, β ApoE4_control = −0.208), suggesting the SPON1 variant may exert a protective influence on dementia severity regardless of the APOE risk genotype. To determine the effect of the gene as a whole rather than the single allele, a gene-based test using versatile gene-based association study (VEGAS; 32) using the top 10% of variants in SPON1 as associated to CDR showed SPON1 to associate with CDR in 738 ADNI individuals (P = 0.01).
The stronger white matter fiber connection associated with the SPON1 variant in healthy young adults may dampen the severity of dementia in carriers of the protective variant over half a century later. CDR is often used as a clinical diagnostic measure; in a posthoc analysis, we assessed if the discovered SPON1 variant was associated with disease status in the ADNI cohort. When regressing the additive effect of the allele on the presence or absence of AD in all 738 individuals (AD vs. MCI and controls aggregated together), there was a nominally significant additive (dose-dependent) association to the T allele (P = 0.0494, n = 738); only comparing AD with controls, the allele was more strongly associated with disease status (P = 0.0305, n = 379).
To maximize our power for association, for exploratory purposes, we combined our discovery and replication cohorts to perform a GWAS at all nodes as before. With 331 genotyped subjects with similar ancestry (from a total of 366 with matrices computed), the statistical power for genetic association was increased. A stronger association for multiple SPON1 variants in linkage disequilibrium (r 2 = 0.6-0.8) with the original SNP, rs2618516, was additionally found in the full-sample GWAS for the same connection, including rs2697846, rs10832160, rs11023052, and rs7124311. The Manhattan Plot of association statistics across the genome is shown in Fig. S3 . Results of this more highly powered association test, including P values and direction of associations for significant SNPs, are presented in Table S2 . In the combined analysis, the P value for our initially discovered SNP, rs2618516, was 5.8 × 10 . Additionally, a full-scale quantile-quantile plot is shown in Fig. S4, combining all P values from all tested connections, with points along the observed y axis ranging to 9.23.
Because this SPON1 locus has genome-wide significant effects at the connection between the left posterior cingulate and the superior parietal cortices, its effect on the entire brain network is of interest. To assess the significance of the top SPON1 variant on structural brain connectivity as a whole, we regressed the additive effect of the replicated variant on each of the tested matrix elements, including all 331 genotyped subject connectivity matrices. This analysis revealed significant associations at multiple cortical connections when correcting for multiple comparisons using the FDR procedure (33) . Association with the variant was found with the total number of fibers that cross the left superior parietal cortex altogether (P = 5.2 × 10 −4 ) at the FDR (q = 0.05) critical threshold. The single region and single connection associated with this variant suggest that it may have a localized but substantial function in the brain network's organization, although additional brain mapping and investigations of gene expression are required. Interestingly, a prior study of structural connectivity found that the posterior cingulate and the superior parietal cortices, among only a few other regions, play a pivotal role in global network traffic. They were hubs in the rich club of the network (34)-the set of most highly interconnected nodes-despite the fact that over 1,000 nodes were considered. These regions also have some of the highest degrees of centrality in the core of the structural network. They were also found to be among the most heritable nodes locally (35) . Our analysis of the Fig. 3 . Connectivity-related gene also affects regional brain volumes. In all 738 Caucasian subjects from the ADNI study, the SPON1 variant was significantly associated with bilateral differences in regional brain volumes. Ventricular regions, particularly surrounding the temporal lobes, were significantly reduced in size, whereas the gray matter around the posterior cingulate cortex was enlarged with each additional copy of the minor T allele at rs2618516. entire heritable structural brain network revealed significant genetic findings in the previously determined rich club of the network (36) , and therefore, future genetic studies of the connectome may be able to boost power by focusing on the rich club connections. Rich club elements may be especially promising targets for genetic analysis.
Twin studies of functional brain networks also find that local and global organizational measures of connectivity are remarkably heritable. Smit et al. (37) used EEG-based measures of connectivity to study network clustering and path length and evaluated the two together using the small-worldness metric. Measures of network efficiency (clustering and path length) were found to be heritable, but small worldness was not. Fornito et al. (35) examined local and global measures of efficiency and connection distance along with overall density for binarized restingstate networks. At different thresholds, the degree of heritability varied for different global measures, and heritability was not uniform across all nodes; in fact, they had a wide range of heritability. In a similar investigation of functional connectivity in children, however, van den Heuvel et al. (38) found no heritability on local measures of clustering, but robustly found that the global normalized path length (λ) was heritable. Here, we examined our weighted structural networks from HARDI and performed GWAS on the corresponding network measures previously examined in functional network studies. These measures included local strength (corresponding to density here), local clustering coefficient, local efficiency, global efficiency, λ, γ (normalized global clustering coefficient), and small worldness. To broaden our analysis, we also included another measure of centrality related to brain networks-Eigenvector centrality (39)-to describe a node's importance in a network according to other important nodes. We also assessed global modularity to describe the degree of network segregation. Table S3 lists the 15 most significant SNPs (with the lowest P values) found for all network measures. Here, local measures of network strength yielded genome-wide significant findings at the strict significance threshold set (described in Materials and Methods). These SNPs include rs16997087 near the MACROD2 gene (P = 1.11 × 10 −10 ), rs17819300 and rs17819282 in linkage disequilibrium (LD) inside the NEDD4 gene (P = 1.36 × 10 ) of the X chromosome. All three genes are already strong candidate genes for affecting brain structure and relating to disease. MACROD2 is expressed in the brain, and variants associate with disorders such as autism (40) . NEDD4, in the ubiquitin ligase family, is pivotal in neuronal interactions (41) and may be important in Parkinson disease (42) . UBE2A, another ubiquitin-related gene, may be important for learning and memory (43) , and mutations in the gene are associated with mental retardation (44) . Local measures of clustering coefficient and efficiency provided suggestive associations (defined here as 5 × 10 −8 < P < 3.39 × 10 −10 ), where 5 × 10 −8 is the classical threshold for a single GWAS with this density of SNPs and 3.39 × 10 −10 is the genome-wide significance threshold corrected for the number of tests. We found no suggestive genome-wide significant variants for Eigenvector centrality or any of the global measures, because the lowest P value in all cases was >5 × 10 −8
. Although this exploratory analysis requires replication, the results show considerable promise for basic and localized measures of weighted network organization. Global network measures were quite highly heritable in some prior functional imaging studies, but they may not be quite as promising for genetic discovery in sparse structural networks as when using measures of local organization. Alternatively, genetic influences may not be evenly distributed across the connection matrix as seen above, and therefore, heritable regions and connections may be more promising for genetic discovery. Local measures offer the additional advantage of helping to identify specific brain pathways involved with respect to specific genes.
Neuroimaging genetics has mainly focused on mapping structures and regions of the brain associated with candidate genetic markers of disease. More recently, truly vast genome-wide screening of neuroimaging measures (45) (46) (47) (48) has uncovered new genetic markers influencing brain structure. This genome-wide discovery and replication of SPON1 variants associated with brain connectivity in several hundred individuals suggest a new neurogenetic pathway with links to dementia severity. Our posthoc GWASs of topological connectivity measures also suggest that network metrics may be good endophenotypes for genetic discovery, although replication and validation are still required. The power for genetic discovery is greatly increased with added samples, and therefore, future analyses of diffusion-based connectome measures-across many sites worldwide-may implicate many more common and perhaps, also rare genetic determinants influencing brain wiring and dementia severity.
Materials and Methods
Subject Demographics and Image Acquisition. Subjects were recruited as part of an ongoing research project examining healthy young adult Australian twins using structural and functional MRI and HARDI with a projected sample size of ∼1,150 at completion (49) . Subjects included 92 young adult MZ twins (46 pairs) and 128 DZ twins (64 pairs) along with 146 nontwin siblings and unpaired twins from a total of 223 families. In total, images from 366 righthanded young adults (mean age = 23.5 y, SD = 2.0) were included in this study. Study participants gave informed consent; the institutional ethics committee at the Queensland Institute of Medical Research, University of Queensland, The Wesley Hospital, and the University of California at Los Angeles School of Medicine approved the study. Genomic DNA samples were analyzed on the Human610-Quad BeadChip (Illumina). Additional details on subject exclusion, establishing zygosity, and genotyping can be found in SI Text.
Anatomical and HARDI whole-brain MRI scans were acquired from 366 subjects with a high-magnetic field (4 T) Bruker Medspec MRI scanner. Acquisition parameters are detailed in the SI Text; briefly, diffusion parameters were optimized to improve the signal to noise ratio (SNR) (56) and included 94 diffusion weighted and 11 non-diffusion weighted scans.
Cortical Extraction and HARDI Tractography. The flowchart in Fig. S1 shows image processing steps to generate a map of brain fiber connectivity based on an individual's anatomical MRI and high-angular resolution diffusion imaging data. To summarize, diffusion-weighted MRI scans are coregistered to a standard anatomical T1-weighted brain image through an image called the average b 0 image. The structural scans undergo automated cortical parcellations, and tractography is performed on the diffusion-weighted MRIs. Cortical labels are uniformly dilated to ensure that they intersect the white matter, where tracts are traced. Tracts are elastically fitted to the labeled structural scan to ensure adequate coregistration. Quality control is performed to ensure accurate alignment (Fig. S5) . Finally, connectivity matrices are created-each matrix element shows the proportion of the total number of detected fibers in the brain that crosses or intersects the specific pair of cortical regions at the top and side of the matrix. For each subject, a 70 × 70 connectivity matrix was created. Each element described the proportion of the total number of fibers connecting each of the regions; diagonal elements of the matrix describe the total number of fibers passing through a certain cortical region of interest. If more than 5% of subjects had no fibers in a matrix element, then that connection was considered invalid or insufficiently consistent in its occurrence in the population; therefore, it was not included in the analysis. Detailed methods can be found in SI Text.
Structural Equation Modeling and Heritability Analysis.
A covariance matrix S g was fitted for every measurement of interest (each element in the connection matrix) within the pairs of twins for each of the two types of twins (identical or fraternal). A structural equation model may be fitted to compare the observed and expected covariances to infer the proportion of the variance caused by A, shared environmental (C), and E components of variance (51) . Additional details on A/C/E modeling can be found in SI Text; 59 connections were found to be sufficiently heritable (a 2 > 0.01). The additive genetic component of the variance estimated from the model is listed in Table S2 along with its 95% CI. No CI directly included zero, although some lower bounds were very close (on the order of 10 −6 or less).
Genome-Wide Associations Across Matrices. Genome-wide associations were performed at each of 59 valid matrix elements using a mixed model approach controlling for age, sex, and intracranial volume (emmaX: http://genetics.cs. ucla.edu/emmax/news.html) (52) to account for the familial relatedness between subjects through the use of a kinship matrix describing the approximate degree of genetic similarity between subjects. A zero in the kinship matrix represents the relation between unrelated individuals, MZ twins' kinship is denoted by one (with identical genomes), and DZ twins and nontwin siblings within the same family are denoted by 0.5 (because they share approximately one-half). Analysis was limited to those SNPs with a minor allele frequency greater than 0.1. Our sample size used for GWAS is small compared with most genetic analyses, and therefore, associations with SNPs having a low minor allele frequency may show artificially high or low associations driven by few subjects in the homozygous minor allele group. Avoiding these SNPs in our analysis would reduce the chance for such biases. A total of 428,287 SNPs were tested.
Establishing Significance Thresholds. A significance threshold of 8.96 × 10
was established for genome-wide significance (i.e., a more stringent threshold than most GWAS studies because of the additional dimension of search across the connectome). We determined significance levels for association tests by first evaluating the total number of independent tests performed. LD among SNPs tested leads to statistical correlation between the values of 428,287 SNPs in the cohort, and therefore, if 2 genotyped SNPs are in high LD, each test is not completely independent of the other. By first estimating the effective number of independent tests, we can avoid using a significance level too conservative for the number of tests performed, while correctly controlling the chance of false-positive associations. Because of this correlation between genotyped SNPs, the effective number (M eff ) of SNPs tested as defined in refs. 53 and 54 was 214,578. The same logic may also be applied to the matrix elements tested. Clearly, an off-diagonal element is not independent of the two diagonal elements corresponding to each one of its (x,y) components (i.e., the matrix element representing the total proportion of fibers connecting cortical regions x and y), and C(x,y) is not fully independent of matrix elements C(x,x) and C(y,y) corresponding to the total proportion of tracts crossing each cortical region x and y, respectively. A total of 59 connections was considered (those connections with an a 2 component > 0.01 and an AE model with a good fit). A principal components analysis of 59 matrix elements, using information from the twins in the A/C/E model, reveals that 22 components are sufficient to explain 95% of the variance in the population; 26 of 59 total connections are on the diagonal corresponding to different regions on the cortex rather than connections between cortices. Although several of these 26 regions may be correlated or anticorrelated to some degree, 26 regions serve as the maximal possible number of completely independent regions available, and all other connections are between two of these nodes.
A Bonferroni correction on the effective number of independent samples would be 0.05/(26 × 214,578) = 8.96 × 10 −9 or as determined by principal components analysis, 0.05/(22 × 214,578) = 1.06 × 10 −8
, respectively. As we set out to establish a method to identify relevant genetic loci, we were less concerned with reducing the number of false-negative associations but more interested in ensuring true-positive findings and reducing the type I error; therefore, we choose the more conservative threshold of P = 8.96 × 10 −9 as our threshold for genome-wide significance, which we show is acceptable below through extensive permutations to verify the null distribution under various degrees of heritability. Other genome-wide association studies of multiple traits have used the FDR procedure over all traits to find the appropriate correction threshold for one analysis across the genome (55) . For comparison, we performed a similar analysis of our results using the FDR procedure on the P values obtained from 59 traits (a total of 59 × 428,287 = 25,268,933 tests) to obtain a correction threshold of 7.58 × 10 −9 for the full-cohort GWAS (n = 331), again similar to our estimated P = 8.96 × 10 −9 threshold. Note that no true association P values fell in the range from 7.58 × 10 −9 (estimated from FDR) to 1.06 × 10
(estimated from principal components analysis), such that the upper bound of our FDR threshold is limited to 7.58 × 10 −9
. Therefore, the FDR-estimated correction threshold of 7.58 × 10 −9 was the highest truly obtained P value below our chosen 8.96 × 10 ), two SNPs total would have still survived and be declared significant. We additionally ensure that our results are not caused by volumetric differences (SI Text).
Modeling Null Distributions for GWAS. At each valid node in the genetic network, a GWAS was performed for 218 of 220 twins used in the A/C/E structural equation model; one pair was removed, because the twins were considered ancestry outliers (SI Text). To determine any potential differences in the null distributions with respect to the degree of the additive genetic component, GWAS was performed 1,000 times on permuted matrices. Matrix elements were permuted one by one across individuals, and therefore, each phenotype was permuted independently of others without any disruption of family structure. When conducting the permutations, each subject's covariates (age, sex, and intracranial volume) remained true to their source, whereas the matrix elements were permuted in a manner that ensured preservation of family structure. Values for MZ twin pairs were only permuted with other MZ twin pairs, whereas the DZ twin pairs were permuted separately. Within each permutation, within-twin pair rearrangements were also allowed to maximize the total number of permutation possibilities. Across all 1,000 permutations of all 59 connections, we note an average false-positive rate of 0.008 (summing all P values falling below the 8.96 × 10 −9 genome-wide significance threshold) per connection or 0.008 × 59 = 0.472 false positives connectome-wide, which takes into account all correlations. Five significant SNPs were found in our full GWAS in the SPON1 gene alone, and one was found in our discovery half sample. For specificity, in 1,000 permutations of the node where SPON1 was found to be significant, a total of six P values fell below the threshold (i.e., the procedure has a false-positive rate of 0.6%). In Fig. S6 , we show the null distribution of GWAS statistics at a subset of seven valid connections at various levels of heritability, increasing from 1% to 63%.
Tensor-Based Morphometry Study of the ADNI Cohort. A well-characterized cohort of elderly subjects with neuroimaging and genetic data from ADNI was analyzed to confirm effects of SPON1 on brain structure. The ADNI is a large 5-y study launched in 2004 by public and private institutions, and it is described in detail elsewhere (50) . Overview information summarizing the ADNI and previously described analyses can be found in SI Text. All ADNI data are publicly available (http://www.loni.ucla.edu/ADNI/). Our analysis included 738 individuals (average age ± SD = 75.52 ± 6.78 y; 438 men/300 women) including 178 AD, 354 MCI, and 206 healthy participants. Effect sizes for individual genetic variants are expected to be small; hence the analysis was not split into diagnostic groups since analyzing the full phenotypic continuum is thought to yield greater power to detect genetic associations (56) . To investigate effects of our replicated SPON1 variant on regional brain volumes in ADNI, univariate linear regression was used to associate the number of minor alleles (zero, one, or two) with the Jacobian values (describing the amount of brain tissue deficit or excess relative to the standard template) at each voxel in the brain after covarying for age and sex. Computing thousands of tests of associations on a voxelwise level can introduce a high type I (false positive) error rate in neuroimaging studies. To control these errors, we used a searchlight method for FDR correction as described in ref. 57 , which ensures a regional control over the FDR in any reported findings. We implemented this searchlight method to correct the associations between the neuroimaging phenotype (morphometry) and the rs2618516 genotype. The maps shown in Fig. 3 are thresholded at the appropriate corrected P value after performing searchlight FDR (q = 0.05) to show only the volumetric effect in regions of significance.
ADNI-Assessment of Clinical Dementia Rating. Six clinical scores are assessed to determine CDR: Personal Care Score, Community Affairs Score, Home and Hobbies Score, Judgment and Problem Solving Score, Memory Score, and Orientation Score (58) . Each score is rated from 0 to 0.5 to 1 to 2 to 3 in order of increasing risk. The average score is used to help distinguish between healthy controls, people with MCI, and AD patients. The sum of all scores, also known as the sum-of-boxes CDR, was used to determine an association with the rs2618516 locus using a linear regression, as described above, controlling for age and sex.
Posthoc GWAS of Network Measures. Although the initial aim of our investigation was to focus on the genetic association of specific edges and connection densities in the connectivity matrix and be able to effectively map these genetic pathways, prior studies of functional brain networks found high levels of heritability for organizational and topological measures of the brain's network, including measures of efficiency and small worldness (35, 37, 38) . To understand the genetics involved in topological measures of brain connectivity in a hierarchical manner, we explored network measures at individual nodes, including strength, local efficiency, local clustering coefficients, and eigenvalue centrality; on a global topological scale, we examined modularity, global efficiency, normalized mean clustering coefficient (γ), normalized characteristic path length (λ), and small worldness, where the normalized measures (and hence, small worldness) were compared with 50 random networks. Network measures were calculated using the Brain Connectivity Toolbox (59) at https://sites.google.com/site/bctnet/.
GWASs were performed for all four local measures on all 70 nodes as well as all five global metrics. Testing these 285 phenotypes with 428,287 SNPs leads to a Bonferroni corrected significance threshold of 0.05/(285 × 428,287) = 4.096 × 10 −10 [using the effective number of SNPs as described above, the correction threshold would be 0.05/(285 × 214,578) = 8.176 × 10
−10
]; however, because this analysis was posthoc and exploratory, to be especially stringent with correction, we do not take phenotypic or genetic correlation into account, and we also include the previous 59 connections tested as phenotypes for GWAS and correct for the exploratory analysis at P = 0.05/(344 × 428,287) = 3.394 × 10 −10
.
